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Abstract Prescribed fire is the largest source of fine particulate matter emissions in the Southeastern
United States, yet its air quality impacts remain highly uncertain. Here, we assess the influence of
prescribed fire on observed pollutant concentrations in the region using a unique fire data set compiled from
multiyear digital burn permit records. There is a significant association between prescribed fire activity and
concentrations recorded at Southeastern monitoring sites, with permitted burning explaining as much as
50% variability in daily PM, s concentrations. This relationship varies spatially and temporally across the
region and as a function of burn type. At most locations, the association between PM, s concentration and
permitted burning is stronger than that with satellite-derived burn area or meteorological drivers of air
quality. These results highlight the value of bottom-up data in evaluating the contribution of prescribed fire
to regional air pollution and reveal a need to develop more complete burn records.

Plain Language Summary Prescribed fires, planned and intentionally ignited wildland fires, are
frequently used in the Southeastern United States for different land management purposes, such as reducing
the risk of catastrophic wildfires and restoring ecosystems. They are also the largest source of fine

particle emissions into the atmosphere in the Southeast. However, the extent to which prescribed fires
contribute to air pollution in the region remains unclear. In this study, data gathered from state burn permit
records and regulatory air quality monitors are used to show that prescribe fire has an important
influence on air pollution at multiple Southeastern locations. Additionally, our analysis suggests that
burning permits can be more informative than satellite-derived fire data when evaluating the impacts of
prescribed fire on regional air quality. These results reveal a need to improve available records of prescribed
fire activity in order to better understand its full effect on air pollution in the Southeast.

1. Introduction

Wildland fires, including wildfires and prescribed fires, are the largest source of fine particulate matter
(PM, 5) emissions in the United States (U.S. EPA, 2018). Nationally, over 10 million Americans have been
estimated to experience unhealthy PM, 5 levels caused by wildland fires at least 10 days per year (Rappold
et al., 2017), and fires are believed to contribute over 10% of the country's mean PM, s concentration
(Wilkins et al., 2018). Annual premature deaths and illnesses associated with short- and long-term exposure
to fire smoke have been valued at more than $100 billion (Fann et al., 2018). Although wildfires attract con-
siderable attention, much of the wildland fires in the United States are prescribed, representing more than
40% of the total reported area burned (NIFC, 2018).

Prescribed burning is the controlled application of fire to accomplish different land management objectives,
including hazardous wildfire mitigation, and it can play a critical role in sustaining healthy ecosystems
(Kobziar et al., 2015). In the United States, most of this burning (~70%) occurs in the Southeast (Chiodi
et al., 2018), where it accounts for nearly 25% of primary PM, 5 emissions (U.S. EPA, 2018). The Southeast
also includes one of the largest urban-wildland interfaces in the country, with millions living in areas that
neighbor or intermix with fire-prone land (Martinuzzi et al., 2015; Radeloff et al., 2018). These circum-
stances, combined with the propensity to conduct prescribed burns under conditions conducive to incom-
plete combustion, can lead to air quality and public health concerns in nearby communities (Haikerwal
et al., 2015; Pearce et al., 2012; Price et al., 2016). However, fire is a natural feature of many Southern land-
scapes, where ecosystems may depend on its occurrence, and suppression has proven unsustainable (North
et al., 2015; Williamson et al., 2016). Further, the air quality impacts of wildfires can far exceed those of
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prescribed burning (Zhao et al., 2019). A clear understanding of the effects of prescribed fire on air pollution
is needed to develop mitigation strategies that jointly consider land management and public health goals.

Despite their significance, prescribed fire remains one of the most inadequately characterized major emis-
sion sources, and few studies have quantified its effects on air quality (Navarro et al., 2018). Several have
relied on ambient measurements (e.g., X. Liu et al., 2017; May et al., 2014; Sullivan et al., 2014), statistical
approaches (e.g., Balachandran et al., 2017; Z. Liu et al., 2016), or models (e.g., Garcia-Menendez et al., 2013,
2014;Y. Hu et al., 2008; Liu et al., 2009) to estimate the impacts of individual fire projects or the influence of
burning at specific receptors. A smaller number of studies have attempted to quantify the impacts of pre-
scribed fire at regional scales. Using chemical transport modeling, Ravi et al. (2019) found that prescribed
fires can significantly affect regional air quality over areas of the Pacific Northwest. In the Southeast, some
studies have modeled the regional impacts of burning on air quality (Tian et al., 2008; Zeng et al., 2008,
2016). However, these were based on the VISTAS inventory, which was compiled in 2002 and later shown
to be incomplete (Zeng et al., 2016). More recently, Gaither et al. (2019) and Huang et al. (2019) used burning
permits and a data fusion method to estimate smoke impacts in Georgia. Still, the influence of prescribed fire
on air pollution over the Southeast remains uncertain.

Assessing the role of prescribed fire on U.S. air quality has been hindered by challenges associated with com-
piling fire data. Satellite-based products, used extensively in wildland fire smoke analyses, have proven
incapable of detecting a large fraction of low-intensity, short-lived prescribed burns (Randerson et al., 2012).
Over the Southeast, remote sensing fire data techniques are prone to large uncertainties in fire location, size,
and timing (X. Hu et al., 2016; Huang et al., 2018; Nowell et al., 2018). Additionally, satellite-based detections
do not discern between prescribed fires and other forms of biomass burning, including wildfires. In contrast,
bottom-up fire inventories, such as burn permit records collected by state agencies and land managers, can
include a larger number of fires and additional information. However, permits normally lack post-burn
information and are susceptible to uncertainties due to inconsistencies in recordkeeping and data reporting
requirements across agencies. Nevertheless, digital prescribed fire records maintained by several states have
increased substantially in recent years.

In this study, we assess the influence of prescribed fire on observed PM, s concentrations in the Southeastern
United States based on permitted burning. Our analysis focuses on the states of Georgia and Florida, which
include some of the most active burning areas in the United States (Melvin, 2018). These states also have two
of the most complete digital permits inventories and have been estimated to include some of the largest
health impacts attributed to fire smoke (Fann et al., 2018). We examine several types of prescribed fires
and investigate how associations between prescribed burning and PM, s vary spatially and temporally.
Additionally, we compare these to associations with satellite-derived fire data and meteorological drivers
of air quality.

2. Data and Methods

Georgia and Florida burning permits from 2013 to 2016 were compiled as an indicator of prescribed fire
activity. In Georgia, burning permits are issued by the Georgia Forestry Commission (GFC). The GFC's digi-
tal records include burn area, date, type, and address. Most GFC permits do not include geographic coordi-
nates, and the level of detail in recorded addresses varies widely. A geocoding algorithm was developed to
match address data to a geographic location. Details about the geocoding algorithm used are described in
the supporting information (Figure S1). Burn permits in Florida are authorized and collected by the
Florida Forest Service (FFS). Digital FFS records list burn area, date, type, and coordinates. Only burns spe-
cifically labeled by the GFC and FFS as prescribed fires are considered in our analyses. These include silvi-
cultural (intended for management, restoration, and care of forests and woodlands), land clearing (clearing
of vegetation for development), and agricultural (associated with cultivation, pastures, or rangeland) burns
in both states. The FFS additionally records the number and dimensions of pile burns (gathered vegetative
debris). Other types of permitted open burns (e.g., recreational purposes, reduction of leaves on-premises,
and structure burns) are not considered.

In our analysis of satellite-derived fire activity, we use 2015-2016 burn areas generated by the
National Oceanic and Atmospheric Administration's (NOAA) Blended Polar Geo Biomass Burning
EmissionsProduct (Blended-BBEP) (Zhang et al., 2011). The Blended-BBEP combines detections
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Figure 1. Prescribed fire in the Southeastern United States. (a) Spatial distribution of 2016 burn permits and AQS sites over Georgia and Florida. (b) 5-day average
24-hr PM, 5 concentration at Albany, Georgia, and 5-day average daily acres burned within 60 km of the station. Georgia-average concentration (2013-2016)
and burning season are also shown. (c) Relative percentage of days at all monitoring sites considered associated with varying air quality and burning levels
during 2013-2016 burning seasons. Observations are 24-hr PM, 5 concentrations, and burn areas are permitted acres within 60 km of the sites on the

day of the observation and previous day.

from NOAA's Geostationary Operational Environmental satellites (GOES-East and GOES-West), the
Moderate Resolution Imaging Spectroradiometer on the National Aeronautics and Space
Administration's Terra and Aqua satellites, and the Advanced Very High Resolution Radiometer on
NOAA's polar-orbiting satellites. We aggregate hourly Blended-BBEP fire detections into daily burn
areas. Surface PM, s observations are collected from monitoring sites included in the U.S.
Environmental Protection Agency's Air Quality System (AQS) (U.S. EPA, 2012). We consider 24-hr
average PM, s concentrations available from all monitors in Georgia (31) and Florida (49) during
the study period (Figure 1a). To examine the influence of meteorology on PM, s, we rely on weather
observations recorded by the Automated Surface Observing System Network (ASOS), which includes
84 stations in Georgia and 97 in Florida (ASOS, 2000). Each air quality monitor is matched with the
closest weather station available, up to 20 km away, allowing daily-average meteorology near the site
to be estimated for approximately 90% of monitors.

The strength of the relationship between prescribed fire and PM, s is assessed at all observational sites con-
sidered by estimating the bivariate correlation (Pearson correlation coefficient, PCC) between measured
concentrations and permitted burn area near each site. Burning activity near each site is weighed by identi-
fying fires and area burned (permitted or satellite derived) within a specified radius from the site and time
period. Correlations between PM, s and fire activity at varying radii (up to 60 km) from the monitoring sites
are compared to evaluate how the influence of prescribed fire on air quality changes with distance. Beyond
60 km, the radius at most sites exceeds the coastal or state boundaries to which permits are constrained.
Additionally, PM, s concentrations are correlated with permitted burns recorded during varying periods
of time, extending from the day of the observation to 3 days prior, to assess the duration of the fires' impact
on local air quality. The analyses focus on the Southeastern burning season, extending from January to
April, which concentrates most of the region's burning (Huang et al., 2018) and during which substantially
stronger associations were identified compared to the rest of the year.

In addition, we use multiple regression to account for different types of burns in weighing the associations
between fire activity and PM, s. Stepwise regression is used to create a generalized linear model at each
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monitoring site with 24-hr PM, 5 concentration as the response variable and surrounding permitted burns
for different fire types as predictors (x;):

PM,s=by + Xt bix;

The models are allowed to include a linear term for each predictor—burn area for silvicultural, land clear-
ing, and agricultural fires and pile volume for pile fires. In the stepwise algorithm, a combination of for-
ward and backward selection is used to systematically determine the terms in the final model using the p
value for a chi-squared test of the change in the deviance after adding or removing a term as a criterion (a
p <0.05 threshold is defined to add terms to the model). To assess the explanatory power of a model, we
use the adjusted coefficient of multiple determination (R?), which increases with the addition of a predic-
tor only if the proportion of variation explained extends beyond the increase expected by chance. We com-
pare the relative importance of each burn type on pollutant concentrations by applying the average
increment method (Tonidandel & LeBreton, 2011). The method follows the principle of dominance analy-
sis (Azen & Budescu, 2003) to determine the proportional contribution of each variable to the variation
explained directly and in combination with other predictors in the model. When assessing the influence
of meteorology on PM, 5, we include daily mean temperature, precipitation, relative humidity, wind speed,
and wind direction components (north-south and east-west), as well as first-order interactions between
these meteorological variables, as potential predictors (y;) in the multiple regression:

PM, 5=bo + Z?:lbixi + Ziﬁzlbi +ay + Zis:1 ]'6:1' + 1bijJ’x;Vj

3. Results and Discussion

From 2013 to 2016, the GFC issued permits for nearly 80,000 prescribed burns covering 1.5 million acres on
average each year. During the same period, the FFS annually authorized permits for approximately 25,000
burns covering 2.5 million acres and 60,000 piles. Figure 1a shows all prescribed burns authorized by the
GFC and FFS in 2016. Silvicultural fires accounted for 83% of the burn area in Georgia, with agricultural
and land clearing fires representing 11% and 6%, respectively. In Florida, 63% of the burn area was charac-
terized as silvicultural, while 36% was recorded as agricultural and 1% as land clearing. Excluding pile burns,
the average size of these fires was approximately 100 acres. The largest amounts of prescribed burning were
recorded in Southwest Georgia, Northwest Florida, and Southcentral Florida (Figure 1a). Close to 80% of the
fires in Georgia were authorized between January and April. The seasonality is shown for a Southwest
Georgia location in Figure 1b. This pattern is less evident in Florida, where 63% of the permitted burns were
authorized during the first 4 months of the year.

High PM, 5 concentrations were often observed within fire-intensive areas. For example, at Albany, Georgia,
the average burn-season 24-hr PM, s concentration from 2013 to 2016 was nearly 50% higher than the state
average (Figure 1b), despite being a relatively small metropolitan area. During this period, nearly half of all
moderate-to-high PM, 5 observations (>15 ug m™>) recorded from January to April by Georgia and Florida
monitors occurred when a large burn area (>1,000 acres) was permitted within 60 km of the site on the day
of the observation or the previous day (Figure 1c). Higher PM, s levels in the region tend to coincide with
heavier burning; over 80% of burn-season 24-hr PM, s concentrations between 25 and 35 ug m™> were
recorded when more than 1,000 acres of burn area were permitted nearby. For concentrations exceeding
the 24-hr National Ambient Air Quality Standard (35 ug m™), this fraction increases to 90%, with 43% of
the observations coinciding with a very large amount of burning (>5,000 acres) close to the site.

Figure 2a shows the bivariate correlation between burn-season PM, s concentration and nearby total per-
mitted burn area (silvicultural, land clearing, and agricultural) at observational sites considered. In
Georgia, all sites show a statistically significant (p < 0.05) positive correlation (mean PCC = 0.39) with a
regression coefficient of 2.2 + 0.5 ug m ™ per 1,000 permitted acres at 95% confidence. Permitted burn area
explains over 20% of the variability in burn-season PM, s concentrations at over a third of the state's moni-
tors, most located in Georgia's Upper Coastal Plain (Figure 2b). At Albany, permitted burn area alone pre-
dicts close to 50% of the variation in observed concentrations. In comparison, associations between
observed PM, s concentrations and permitted burn areas in Florida are weaker (mean PCC = 0.19). While
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Figure 2. Influence of prescribed fire on PM; s. (a) Bivariate correlation between 24-hr PM; 5 concentration and permitted burn area within 60 km of site on day
of the observation and previous day for 2013-2016 burning seasons. Census-tract burn intensity is also shown. (b) Variability in 24-hr PM, 5 concentrations
(2013-2016) explained by multiple linear regression based on different types of burns. Geographic region and contribution of each burn type to R? are

shown for sites with highest explained variability. Permits considered are those within 60 km of site on day of the observation and previous day.

60% of the monitoring sites reflected a statistically significant correlation with burn area (0.6 + 0.15 ug m—>

per 1,000 permitted acres at 95% confidence), burn area explains over 10% of the variability in concentrations
at only three locations, all in North Florida. The seasonality in associations between PM, s and burn area is
also stronger in Georgia; burn-season correlations across Georgia are on average twice as large as those esti-
mated for the complete year, while the ratio is close to 1.4 for Florida sites (Figure S2). These associations
remain consistent across multiple years in Georgia but show greater interannual variability at Florida sites
(Figure S3).

Accounting for burn type can increase the explanatory power of a generalized linear model of observed
PM, s. Across Georgia, multiple regression using burn types as predictors can explain more than 20% of
the variability in burn-season PM, s at over 40% of sites. In Florida, the impact is evident at several
northern locations, especially when adding pile fires as a variable. For example, at Tallahassee and
Lake City, multiple regression can explain over 25% of the variation in PM, 5 during the burning season.
Figure 2b compares the influence of different burn types included as predictors at the sites with the lar-
gest explained variability. Silvicultural burn area is the dominant predictor at most Georgia sites, con-
tributing approximately 60% of the R* on average. However, the weight of agricultural and land
clearing burns is also significant at some Georgia locations. In Northern Florida, the dominant burn
type varies across sites. At Lake City, pile burns contribute the most to R? while at Tallahassee, land
clearing area carries the largest weight.

Figure 3 shows the burn-season bivariate correlation between PM, 5 and surrounding permitted burn area
recorded during varying periods of time. The influence of prescribed fire activity on observed air pollution
persists for 1 to 2 days. The correlation is strongest when considering the total burn area on the day of the
observation made at the monitor and the previous day. Beyond 1 day prior to the PM, 5 observation, the
number of monitoring sites with a statistically significant association and strength of the correlations drop
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Figure 3. Duration of prescribed fire impacts on local PM; 5. Boxes include significant correlations (p <0.05) between
burn-season 24-hr PM, 5 concentrations and permitted burn area (within 60 km) across all Georgia and Florida sites
considered based on varying burning periods, from the day of the PM, 5 observation to 3 days prior. For each box, n is the
total number of sites with a significant association, and dots show individual site correlations (2013-2016).

considerably. In Georgia, for example, while total permitted burn area on the day of the observation and pre-
vious day explain over 20% of the variability in 24-hr PM, 5 concentrations at 35% of the state's monitors, the
burn area permitted a day earlier does not match this level of explained variation at any site.

To explore how the influence of prescribed burning on pollution varies with distance, correlations between
PM, s concentration and burn activity were evaluated at increasing distances from the monitoring sites, ran-
ging from 10 to 60 km. The spatial scale of the association varies across locations. At most sites, however, a
radius over 60 km exceeds the coastal or state boundaries to which the permit data was confined, making it
difficult to determine a consistent area influence of prescribed burning around the monitors. Still, at many
sites, the correlation between PM, s concentrations and surrounding permitted prescribed fire activity
extends to 60 km away from the monitor during the burn season.

The association between fire activity and PM, s pollution is stronger for permit-based burn areas than burn
areas derived from satellite detections. Figure 4a compares the magnitude of bivariate correlations between
PM, 5 concentrations and the two sources of fire data over the 2015 and 2016 burn seasons. With few excep-
tions, the association is stronger when correlating PM, s with permitted burn area (>85% of sites). Across
statistically significant sites, the mean PCC based on permitted area is 55% higher than that based on
satellite-derived burn area. Over Georgia, permitted burn area explains over 20% of the variability in
observed PM, s at over a third of the state's monitoring stations, while this is true for satellite-derived area
at only one site.

To further place the association between PM, s and surrounding prescribed fire into context, it is compared
to the influence of important meteorological drivers of air quality (temperature, precipitation, relative
humidity, wind speed, and wind direction). Across sites, temperature, wind direction, and interactions
between relative humidity and wind variables are the terms most frequently included as significant predic-
tors in the generalized linear models of PM, s. Figure 4b compares the relative weights of permitted burning
and weather data as predictors of PM; 5 in a generalized linear model. At most locations (>60%), the expla-
natory power of nearby permitted fire is greater than that of the meteorological predictors, suggesting that
prescribed fire has stronger influence on PM, s. This is particularly true at Georgia sites, where the average
variability in 24-hr PM, s concentrations explained by burning is over 4 times larger than that explained by
the meteorological variables. In contrast, at most monitoring sites near the coast or large metropolitan areas,
including most Florida locations, the weight of fire-related explanatory variables relative to meteorology is
substantially lower.
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Figure 4. Associations between PM, 5 and burning permits, satellite-detected fires, and meteorology. (a) Significant (p <0.05) bivariate correlations between
24-hr PM, 5 concentration and permitted or satellite-derived burn area (2015-2016 burning seasons). (b) Relative importance of permitted burning and
meteorological predictors in explaining 24-hr PM, 5 concentration variability based on multiple regression (p <0.05) at sites with concurrent PM, 5
and weather data (2013-2016 burning seasons). Permits and satellite-derived burns are within 60 km of site on day of the PM, 5 observation and
previous day. Meteorology is daily average on day of observation. Census-tract burn intensity is also shown.

4. Conclusions

The analyses of burn permit records and observed air quality included in this study reveal a significant asso-
ciation between prescribed fire and PM, s pollution at multiple Southeastern locations during the early
months of the year. It is notable that a prescribed fire signal in monitored air quality was identified at these
sites based on burn permit data, given that the fire records include uncertain geo-coordinates and no verifi-
cation of burns, postburn information, or fuel characteristics. Still, as much as 50% of the variability in
observed PM, 5 during the burn season can be explained by nearby burn permits alone, despite the noise
imposed by weather and the effects of other emissions sources. It is similarly noteworthy that at many of
the locations considered, the correlation between PM, 5 and permitted burning is stronger than between
PM, s and important meteorological drivers of air quality. Results also suggest that the influence of pre-
scribed burning on PM, 5 can persist for 1 to 2 days. These associations can remain consistent across multiple
years but differ throughout the study domain. Silvicultural fires have the largest impact at most sites, but
land clearing, agricultural, or pile burns dominate at specific locations. The linkages between prescribed
burning permits and monitored PM, s are generally stronger in Georgia than in Florida. Weaker associations
at Florida sites may be related to less concentration of fire into a defined burning season, greater
inter-annual variability in burning, a larger impact of meteorology on pollutant concentrations, and closer
proximity to the coast and large urban areas at most monitoring sites. However, it is likely that the strong
connections between prescribed fire and air quality observed over Georgia are representative of other
Southern states, often further inland, more rural, and with active burning programs, albeit incomplete fire
records. Additional prescribed fire data are required to adequately assess the relationship across the region.

Our results highlight several needs to improve characterizations of prescribed burning impacts on air quality
in the Southeastern United States. In agreement with previous studies (Huang et al., 2018; Nowell
et al., 2018), we find that smaller fires typical of prescribed burning are likely to go undetected by remote
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sensing products, making satellite-based detections highly uncertain. This underlines the need for
ground-based fire data in assessments of air quality impacts over the region. While this study focuses
on states with some of the most complete burn permits records, permit data vary widely across agencies.
Digital records in other states, if available, are often incomplete and include less detailed data fields.
Capturing additional information, including improved geographic locations, burn start times and
durations, fuel characteristics, and atmospheric conditions would enhance the value of bottom-up fire
records for air quality analyses. In particular, postburn confirmation of fire occurrence and area treated
would be beneficial, as existing permit systems do not monitor if permitted burns were actually
conducted or their true size. This study shows that considering pile burns, unaccounted for in prior
studies, can be important. Our results also point to a need for increased air quality monitoring and
emissions measurements within burn-intensive regions, in agreement with the smoke modeling
community (Liu et al., 2019). Some of the most intense burning and strongest associations between fire
and air pollution occur in areas where monitors are scarce, such as Southwest Georgia and Southcentral
Florida.

Addressing these research gaps would aid efforts to produce a complete assessment of prescribed fire's role in
the region'’s air quality. While prescribed fire is recognized as the largest source of PM, 5 emissions in the
Southeast, existing emissions inventories and observational networks likely do not capture its full magni-
tude. Thus, estimates of prescribed burning impacts on regional air quality and public health based on cur-
rent fire data are subject to large uncertainties. As the use of prescribed fire continues to gain popularity and
extend to additional areas, while emissions from other major sources decrease, its importance in U.S. air
quality will grow. However, prescribed burning is substantially different from the emission sources tradi-
tionally targeted by air pollution reduction efforts. Prescribed fire can reduce the risk of uncontrolled wild-
fires with potentially higher emissions, in addition to other land management benefits. Adequate strategies
that consider these complexities must be developed to mitigate its impacts. Better characterizing its effects
on air pollution is an essential step toward this goal.

Data Availability Statement

The data used for this study are available at https://fgarciam.wordpress.ncsu.edu/data.

References

ASOS (2000). Automated Surface Observing System Network. Iowa State University, lowa Environmental Mesonet. Retrieved September
23, 2019, from https://mesonet.agron.iastate.edu/ASOS/

Azen, R., & Budescu, D. V. (2003). The dominance analysis approach for comparing predictors in multiple regression. Psychological
Methods, 8(2), 129-148. https://doi.org/10.1037/1082-989X.8.2.129

Balachandran, S., Baumann, K., Pachon, J. E., Mulholland, J. A., & Russell, A. G. (2017). Evaluation of fire weather forecasts using PM2.5
sensitivity analysis. Atmospheric Environment, 148, 128-138. https://doi.org/10.1016/j.atmosenv.2016.09.010

Chiodi, A. M., Larkin, N. S., & Varner, J. M. (2018). An analysis of Southeastern US prescribed burn weather windows: Seasona variability
and El Nifio associations. International Journal of Wildland Fire, 27(3), 176-189. https://doi.org/10.1071/WF17132

Fann, N., Alman, B., Broome, R. A., Morgan, G. G., Johnston, F. H., Pouliot, G., & Rappold, A. G. (2018). The health impacts and economic
value of wildland fire episodes in the U.S.: 2008-2012. Science of the Total Environment, 610-611, 802-809. https://doi.org/10.1016/j.
scitotenv.2017.08.024

Gaither, C. J., Afrin, S., Garcia-Menendez, F., Odman, M. T., Huang, R., Goodrick, S., & da Silva, A. R. (2019). African American exposure
to prescribed fire smoke in Georgia, USA. International Journal of Environmental Research and Public Health, 16(17), 3079. https://doi.
org/10.3390/ijerph16173079

Garcia-Menendez, F., Hu, Y., & Odman, M. T. (2013). Simulating smoke transport from wildland fires with a regional-scale air quality
model: Sensitivity to uncertain wind fields. Journal of Geophysical Research: Atmospheres, 118, 6493-6504. https://doi.org/10.1002/
jgrd.50524

Garcia-Menendez, F., Hu, Y., & Odman, M. T. (2014). Simulating smoke transport from wildland fires with a regional-scale air quality
model: Sensitivity to spatiotemporal allocation of fire emissions. Science of the Total Environment, 493, 544-553. https://doi.org/10.1016/
j.scitotenv.2014.05.108

Haikerwal, A., Reisen, F., Sim, M. R., Abramson, M. J., Meyer, C. P., Johnston, F. H., & Dennekamp, M. (2015). Impact of smoke from
prescribed burning: Is it a public health concern? Journal of the Air and Waste Management Association, 65(5), 592-598. https://doi.org/
10.1080/10962247.2015.1032445

Hu, X., Yu, C., Tian, D., Ruminski, M., Robertson, K., Waller, L. A., & Liu, Y. (2016). Comparison of the hazard mapping system (HMS) fire
product to ground-based fire records in Georgia, USA. Journal of Geophysical Research: Atmospheres, 121, 2901-2910. https://doi.org/
10.1002/2015JD024448

Hu, Y., Odman, M. T., Chang, M. E., Jackson, W., Lee, S., Edgerton, E. S., et al. (2008). Simulation of air quality impacts from prescribed
fires on an urban area. Environmental Science & Technology, 42(10), 3676-3682. https://doi.org/10.1021/es071703k

AFRIN AND GARCIA-MENENDEZ 8 of 10


https://fgarciam.wordpress.ncsu.edu/data
https://mesonet.agron.iastate.edu/ASOS/
https://doi.org/10.1037/1082-989X.8.2.129
https://doi.org/10.1016/j.atmosenv.2016.09.010
https://doi.org/10.1071/WF17132
https://doi.org/10.1016/j.scitotenv.2017.08.024
https://doi.org/10.1016/j.scitotenv.2017.08.024
https://doi.org/10.3390/ijerph16173079
https://doi.org/10.3390/ijerph16173079
https://doi.org/10.1002/jgrd.50524
https://doi.org/10.1002/jgrd.50524
https://doi.org/10.1016/j.scitotenv.2014.05.108
https://doi.org/10.1016/j.scitotenv.2014.05.108
https://doi.org/10.1080/10962247.2015.1032445
https://doi.org/10.1080/10962247.2015.1032445
https://doi.org/10.1002/2015JD024448
https://doi.org/10.1002/2015JD024448
https://doi.org/10.1021/es071703k

Aru | .
A 4% Geophysical Research Letters 10.1029/2020GL088988

ADVANCING EARTH
AND SPACE SCIENCE

Huang, R., Hu, Y., Russell, A. G., Mulholland, J. A., & Odman, M. T. (2019). The impacts of prescribed fire on PM2.5 air quality and human
health: Application to asthma-related emergency room visits in Georgia, USA. International Journal of Environmental Research and
Public Health, 16(13). https://doi.org/10.3390/ijerph16132312

Huang, R., Zhang, X., Chan, D., Kondragunta, S., Russell, A. G., & Odman, M. T. (2018). Burned area comparisons between prescribed
burning permits in Southeastern United States and two satellite-derived products. Journal of Geophysical Research: Atmospheres, 123,
4746-4757. https://doi.org/10.1029/2017JD028217

Kobziar, L. N., Godwin, D., Taylor, L., & Watts, A. C. (2015). Perspectives on trends, effectiveness, and impediments to prescribed burning
in the southern U.S. Forests, 6(12), 561-580. https://doi.org/10.3390/£6030561

Liu, X., Huey, L. G., Yokelson, R. J., Selimovic, V., Simpson, 1. J., Miiller, M., et al. (2017). Airborne measurements of western U.S. wildfire
emissions: Comparison with prescribed burning and air quality implications. Journal of Geophysical Research: Atmospheres, 122,
6108-6129. https://doi.org/10.1002/2016JD026315

Liu, Y., Goodrick, S., Achtemeier, G., Jackson, W. A., Qu, J. J., & Wang, W. (2009). Smoke incursions into urban areas: Simulation of a
Georgia prescribed burn. International Journal of Wildland Fire, 18(3), 336-348. https://doi.org/10.1071/WF08082

Liu, Y., Kochanski, A., Baker, K. R., Mell, W., Linn, R., Paugam, R., et al. (2019). Fire behaviour and smoke modelling: Model improvement
and measurement needs for next-generation smoke research and forecasting systems. International Journal of Wildland Fire, 28(8),
570-588. https://doi.org/10.1071/WF18204

Liu, Z., Liu, Y., Maghirang, R., Devlin, D., & Blocksome, C. (2016). Estimating contributions of prescribed rangeland burning in Kansas to
ambient PM2.5 through source apportionment with the Unmix receptor model. American Society of Agricultural and Biological
Engineers (ASABE) Meeting, 59(5), 1267-1275. https://doi.org/10.13031/trans.59.11612

Martinuzzi, S., Stewart, S. 1., Helmers, D. P., Mockrin, M. H., Hammer, R. B., & Radeloff, V. C. (2015). The 2010 wildland-urban interface of
the conterminous United States. United States Department of Agriculture. https://doi.org/10.2737/NRS-RMAP-8

May, A. A., McMeeking, G. R., Lee, T., Taylor, J. W., Craven, J. S., Burling, L, et al. (2014). Aerosol emissions from prescribed fires in the
United States: A synthesis of laboratory and aircraft measurements. Journal of Geophysical Research: Atmospheres, 119, 11,826-11,849.
https://doi.org/10.1002/2014JD021848

Melvin, M. A. (2018). 2018 National Prescribed Fire Use Survey Report, Technical Report 03-18. National Association of State Foresters and
Coalition of Prescribed Fire Councils, Inc., https://www.prescribedfire.net

Navarro, K. M., Schweizer, D., Balmes, J. R., & Cisneros, R. (2018). A review of community smoke exposure from wildfire compared to
prescribed fire in the United States. Atmosphere, 9(5), 185. https://doi.org/10.3390/atmos9050185

NIFC (2018). National Report of Wildland Fires and Acres Burned by State. Fire and Aviation Management Web Applications Program,
National Interagency Fire Center (NIFC).

North, M. P,, Stephens, S. L., Collins, B. M., Agee, J. K., Aplet, G., Franklin, J. F., & Fulé, P. Z. (2015). Reform forest fire management.
Science, 349(6254), 1280-1281. https://doi.org/10.1126/science.aab2356

Nowell, H. K., Holmes, C. D., Robertson, K., Teske, C., & Hiers, J. K. (2018). A new picture of fire extent, variability, and drought interaction
in prescribed fire landscapes: Insights from Florida government records. Geophysical Research Letters, 45, 7874-7884. https://doi.org/
10.1029/2018GL078679

Pearce, J. L., Rathbun, S., Achtemeier, G., & Naeher, L. P. (2012). Effect of distance, meteorology, and burn attributes on ground-level
particulate matter emissions from prescribed fires. Atmospheric Environment, 56, 203-211. https://doi.org/10.1016/J.
ATMOSENV.2012.02.056

Price, O. F., Horsey, B., & Jiang, N. (2016). Local and regional smoke impacts from prescribed fires. Natural Hazards and Earth System
Sciences, 16(10), 2247-2257. https://doi.org/10.5194/nhess-16-2247-2016

Radeloff, V. C., Helmers, D. P., Anu Kramer, H., Mockrin, M. H., Alexandre, P. M., Bar-Massada, A., et al. (2018). Rapid growth of the US
wildland-urban interface raises wildfire risk. Proceedings of the National Academy of Sciences of the United States of America, 115(13),
3314-3319. https://doi.org/10.1073/pnas.1718850115

Randerson, J. T., Chen, Y., van der Werf, G. R., Rogers, B. M., & Morton, D. C. (2012). Global burned area and biomass burning emissions
from small fires. Journal of Geophysical Research, 117, G04012. https://doi.org/10.1029/2012JG002128

Rappold, A. G., Reyes, I, Pouliot, G., Cascio, W. E., & Diaz-Sanchez, D. (2017). Community vulnerability to health impacts of wildland fire
smoke exposure. Environmental Science and Technology, 51(12), 6674-6682. https://doi.org/10.1021/acs.est.6b06200

Ravi, V., Vaughan, J. K., Wolcott, M. P., & Lamb, B. K. (2019). Impacts of prescribed fires and benefits from their reduction for air quality,
health, and visibility in the Pacific Northwest of the United States. Journal of the Air and Waste Management Association, 69(3), 289-304.
https://doi.org/10.1080/10962247.2018.1526721

Sullivan, A. P., May, A. A,, Lee, T., McMeeking, G. R., Kreidenweis, S. M., Akagi, S. K., et al. (2014). Airborne characterization of smoke
marker ratios from prescribed burning. Atmospheric Chemistry and Physics, 14(19), 10535-10545. https://doi.org/10.5194/acp-14-10535-2014

Tian, D., Wang, Y., Bergin, M., Hu, Y., Liu, Y., & Russell, A. G. (2008). Air quality impacts from prescribed forest fires under different
management practices. Environmental Science & Technology, 42(8), 2767-2772. https://doi.org/10.1021/es0711213

Tonidandel, S., & LeBreton, J. M. (2011). Relative importance analysis: A useful supplement to regression analysis. Journal of Business and
Psychology, 26(1), 1-9. https://doi.org/10.1007/s10869-010-9204-3

U.S. EPA. (2012). Air Quality System. Office of Air Quality Planning and Standards, U.S. Environmental Protection Agency, Research
Triangle Park, NC. Retrieved September 23, 2019, from https://www.epa.gov/ags

U.S. EPA. (2018). 2014 National Emissions Inventory Documentation, version 2, Technical Support Document. U.S. Environmental
Protection Agency, Research Triangle Park, North Carolina. Retrieved from https://www.epa.gov/sites/production/files/2018-06/
documents/nei2014v2_tsd_09may2018.pdf

Wilkins, J. L., Pouliot, G., Foley, K., Appel, W., & Pierce, T. (2018). The impact of US wildland fires on ozone and particulate matter: A
comparison of measurements and CMAQ model predictions from 2008 to 2012. International Journal of Wildland Fire, 27(10), 684-698.
https://doi.org/10.1071/WF18053

Williamson, G. J., Bowman, D. M. J. S., Price, O. F., Henderson, S. B., & Johnston, F. H. (2016). A transdisciplinary approach to under-
standing the health effects of wildfire and prescribed fire smoke regimes. Environmental Research Letters, 11(12), 125,009. https://doi.
org/10.1088/1748-9326/11/12/125009

Zeng, T., Liu, Z., & Wang, Y. (2016). Large fire emissions in summer over the southeastern US: Satellite measurements and modeling
analysis. Atmospheric Environment, 127, 213-220. https://doi.org/10.1016/J. ATMOSENV.2015.12.025

Zeng, T., Wang, Y., Yoshida, Y., Tian, D., Russell, A. G., & Barnard, W. R. (2008). Impacts of prescribed fires on air quality over the
Southeastern United States in spring based on modeling and ground/satellite measurements. Environmental Science and Technology,
42(22), 8401-8406. https://doi.org/10.1021/es800363d

AFRIN AND GARCIA-MENENDEZ 9 of 10


https://doi.org/10.3390/ijerph16132312
https://doi.org/10.1029/2017JD028217
https://doi.org/10.3390/f6030561
https://doi.org/10.1002/2016JD026315
https://doi.org/10.1071/WF08082
https://doi.org/10.1071/WF18204
https://doi.org/10.13031/trans.59.11612
https://doi.org/10.2737/NRS-RMAP-8
https://doi.org/10.1002/2014JD021848
https://www.prescribedfire.net
https://doi.org/10.3390/atmos9050185
https://doi.org/10.1126/science.aab2356
https://doi.org/10.1029/2018GL078679
https://doi.org/10.1029/2018GL078679
https://doi.org/10.1016/J.ATMOSENV.2012.02.056
https://doi.org/10.1016/J.ATMOSENV.2012.02.056
https://doi.org/10.5194/nhess-16-2247-2016
https://doi.org/10.1073/pnas.1718850115
https://doi.org/10.1029/2012JG002128
https://doi.org/10.1021/acs.est.6b06200
https://doi.org/10.1080/10962247.2018.1526721
https://doi.org/10.5194/acp-14-10535-2014
https://doi.org/10.1021/es0711213
https://doi.org/10.1007/s10869-010-9204-3
https://www.epa.gov/aqs
https://www.epa.gov/sites/production/files/2018-06/documents/nei2014v2_tsd_09may2018.pdf
https://www.epa.gov/sites/production/files/2018-06/documents/nei2014v2_tsd_09may2018.pdf
https://doi.org/10.1071/WF18053
https://doi.org/10.1088/1748-9326/11/12/125009
https://doi.org/10.1088/1748-9326/11/12/125009
https://doi.org/10.1016/J.ATMOSENV.2015.12.025
https://doi.org/10.1021/es800363d

Aru | .
A 4% Geophysical Research Letters 10.1029/2020GL088988

ADVANCING EARTH
AND SPACE SCIENCE

Zhang, X., Kondragunta, S., & Quayle, B. (2011). Estimation of biomass burned areas using multiple-satellite-observed active fires. IEEE
Transactions on Geoscience and Remote Sensing, 49, 4469-4482. https://doi.org/10.1109/TGRS.2011.2149535

Zhao, F., Liu, Y., Goodrick, S., Hornsby, B., & Schardt, J. (2019). The contribution of duff consumption to fire emissions and air pollution of
the Rough Ridge fire. International Journal of Wildland Fire, 28(12), 993-1004. https://doi.org/10.1071/WF18205

AFRIN AND GARCIA-MENENDEZ 10 of 10


https://doi.org/10.1109/TGRS.2011.2149535
https://doi.org/10.1071/WF18205


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck true
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier (FOGRA1)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <>
    /CHT <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF che devono essere conformi o verificati in base a PDF/X-1a:2001, uno standard ISO per lo scambio di contenuto grafico. Per ulteriori informazioni sulla creazione di documenti PDF compatibili con PDF/X-1a, consultare la Guida dell'utente di Acrobat. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 4.0 e versioni successive.)
    /JPN <>
    /KOR <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die moeten worden gecontroleerd of moeten voldoen aan PDF/X-1a:2001, een ISO-standaard voor het uitwisselen van grafische gegevens. Raadpleeg de gebruikershandleiding van Acrobat voor meer informatie over het maken van PDF-documenten die compatibel zijn met PDF/X-1a. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 4.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENG (Modified PDFX1a settings for Blackwell publications)
    /ENU (Use these settings to create Adobe PDF documents that are to be checked or must conform to PDF/X-1a:2001, an ISO standard for graphic content exchange.  For more information on creating PDF/X-1a compliant PDF documents, please refer to the Acrobat User Guide.  Created PDF documents can be opened with Acrobat and Adobe Reader 4.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /HighResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


